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What?        Where?



Scene understanding



On the Italian Alps. Foggy but 
not too cold. Light breeze. 
Boy in danger of falling. Parent 
must be nearby.

Scene understanding



Why study vision?



Many applications



Understanding the brain

http://www.cs.princeton.edu/gfx/proj/sugcon/models/brain.png

http://www.cs.princeton.edu/gfx/proj/sugcon/models/brain.png


Vision as an inverse problem



geometry of image formation

[A. Dürer 1525]



Bidirectional reflectance distribution function (BRDF)

photometry of image formation



Many worlds, one image

camera
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Many worlds, one image

VISION

camera
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A more modest proposal…



What is in an image?



The challenge



The challenge

“Eye”



``Eye’’



``Eye’’



Vision
Images Information

Labeled data

Learning

Design

Learning-based approach



[Esteva et al. 2017]



[Esteva et al. 2017]



[Esteva et al. 2017]

[Google inception architecture 2015]



Practical results

Depth of 
thinking

1500

1900

2000

2017

?



Deep networks



Visual system





[Fukushima 1980]



[Fukushima 1980]



[LeCun et al. 1988]

LeNet + backpropagation (1988)



Backpropagation



Backpropagation



AlexNet 2012

[Krizhevsky 2012]





[Zeiler & Fergus 2014]









Catalyst: ImageNet 1000

~1K images for 1K categories  = ~1M images

[Deng et al 2010]



[Deng et al 2010]



[Lin et al. 2015]

Large annotated datasets



AI?

Deep networks 
1980-1990

Large annotated datasets 
2004-2010

Moore’s law, GPUs 
1960-2015

Neuroscience 
1960-1990 Google, 

Flickr, AMT 
2003-2008



success stories





[van Horn et al 
2014,2016]

550 species 
of N. American 

birds



App store: 
``Merlin Bird ID’’

[van Horn et al 
2014,2016]

550 species 
of N. American 

birds



 Sparrows 



Invariance to pose and background











`house 
sparrow’



[van Horn et al. 2016]



Los Angeles = 1M trees

http://131.215.134.227/los_angeles2/tree_vis.html




Registree Caltech







Discovery: FlyBowl

tSNE dimensionality reduction
female 
male 
right wing extension 
left wing extension

hli: hidden states of unsupervised model







Simulation: FlyBowl



Simulation: FlyBowl



simulated real

Simulation: FlyBowl



Challenges



long tails (N->0)



The challenge of long tails
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Levels of understanding

• Memorizaton / recall 
• Generalization / prediction 
• Mechanisms / intervention



Correlation vs causation



P (Y = 1|X) =

(
0.03 if X = 0

0.95 if X = 1
in bed fever

X Y
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P (Y = 1|X) =

(
0.03 if X = 0

0.95 if X = 1
in bed fever

in bed fever

X Y

Causation

(X=1) =  in bed (Y=1) = fever

X Y

Correlation
P (X = 1|Y ) =

(
0.01 if Y = 0

0.9 if Y = 1
in bed fever

cause

dependence



in bedfever

night 
shift

flu

X Y

Definition of causation

[Pearl 2000]

X 2Y , P (Y | X) 6= P (Y )

X ! Y , P (Y | do(X)) 6= P (Y )
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in bedfever

night 
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Prediction vs intervention



learning classifier{x,y} ✓

manipulator

lab

dy

dx

x
y



El Nino



[clarifai.com 2016]



[clarifai.com 2016]







Schoolbus

Grouse

Pyramid

Ostrich

Ostrich

Ostrich

[Szegedy et al. 2014]



Levels of understanding

• Memorizaton / recall 
• Generalization / prediction 
• Mechanisms / intervention



theory-driven design





Questions:
Basic modules 
Architecture 
Optimization 
N->0 
Structure of data 
Performance bounds 
…. 



Questions:
Basic modules 
Architecture 
Optimization 
N->0 
Structure of data 
Performance bounds 
…. 

Better  
understanding  
needed



Conclusions
• Computer vision 

• Learning-based approach 

• Deep networks 

• Practical results 

• Open problems: N->0, causality, design 

• Need theory


